The aim of this study was to follow the response to drought stress in a Poa pratensis canopy exposed to various levels of soil moisture deficit. We tracked the changes in the canopy reflectance (450-2450 nm) and retrieved vegetation properties (Leaf Area Index (LAI), leaf chlorophyll content (Cab), leaf water content (Cw), leaf dry matter content (Cdm) and senescent material (Cs)) during a drought episode. Spectroscopic techniques and radiative transfer model (RTM) inversion were employed to monitor the gradual manifestation of drought effects in a laboratory setting. Plots of 21 cmˆ14.5 cm surface area with Poa pratensis plants that formed a closed canopy were divided into a well-watered control group and a group subjected to water stress for 36 days. In a regular weekly schedule, canopy reflectance and destructive measurements of LAI and Cab were taken. Spectral analysis indicated the first sign of stress after 4-5 days from the start of the experiment near the water absorption bands (at 1930 nm, 1440 nm) and in the red (at 675 nm). Spectroscopic techniques revealed plant stress up to 6 days earlier than visual inspection. Of the water stress-related vegetation indices, the response of Normalized Difference Water Index (NDWI_1241) and Normalized Photochemical Reflectance Index (PRI_norm) were significantly stronger in the stressed group than the control. To observe the effects of stress on grass properties during the drought episode, we used the RTMo (RTM of solar and sky radiation) model inversion by means of an iterative optimization approach. The performance of the model inversion was assessed by calculating R 2 and the Normalized Root Mean Square Error (RMSE) between retrieved and measured LAI (R 2 = 0.87, NRMSE = 0.18) and Cab (R 2 = 0.74, NRMSE = 0.15). All parameters retrieved by model inversion co-varied with soil moisture deficit. However, the first strong sign of water stress on the retrieved grass properties was detected as a change of Cw followed by Cab and Cdm in the earlier stages. The results from this study indicate that the spectroscopic techniques and RTMo model inversion have a promising potential of detecting stress on the spectral reflectance and grass properties before they become visibly apparent.
Introduction
Plants are subjected to various harsh environmental conditions (i.e., abiotic stresses) in their ecosystems, which affect vegetation structure, functioning, growth and yield [1, 2] . Thus, environmental stresses trigger various plant responses. Among such stresses, prolonged soil moisture deficit or "ecological drought" is the most important one in many ecosystems-especially in arid and semi-arid regions [3, 4] . In these ecosystems, plants often suffer from moisture-induced stress. Although there might be other stressors in the ecosystem, their impacts are frequently modulated by the effect of soil (1) To follow the spectral (450-2450 nm) signs of canopy exposed to various levels of water stress in different parts of the spectrum (from visible (VIS), near-infrared (NIR) to short-wave infrared (SWIR)) over time to identify the time and spectral location of the first change.
(2) To compute widely used water stress-related vegetation indices to identify the most sensitive ones for water stress detection during the drought episode.
(3) To execute a sensitivity analysis of the RTMo (RTM of solar and sky radiation) model to quantify the sensitivity of canopy reflectance to input parameters.
(4) To estimate grass biophysical and biochemical properties by RTMo inversion using an iterative optimization approach.
(5) To follow the estimated grass properties changes over time to identify the first sign of stress on grass properties and to explore the relationship between retrieved parameters and soil moisture content.
To meet these objectives, we conducted a laboratory experiment in which 20 pots with a Poa pratensis grass canopy equipped with recording soil moisture sensors were monitored with frequent spectroradiometer measurements at the canopy level.
Materials and Methods

Experimental Design/Setup
A greenhouse experiment was conducted from 10 August 2014 until 27 October 2014 in the garden of the ITC Faculty of the University of Twente, the Netherlands. A commercially grown grass lawn (of Poa pratensis) was cut into 50 rectangles and transplanted into 21 cmˆ14.5 cm pots with a depth of 12 cm, all filled with an organic soil. All 50 pots were watered regularly until the canopy height was about 15 cm (on 14 September 2014), after which they were placed in a greenhouse. The greenhouse shielded the vegetation from rainfall, but temperature, irradiance and humidity were not controlled. We selected grass for our experiments because of its rapid response to soil moisture deficits, and because the requirements for applying a 1-D turbid medium model like SAIL [28, 29] are more easily met for relatively small canopies. The pots were divided into two equally sized groups: (1) a group under the well-watered condition and (2) a group that was not irrigated at all. Ten pots in each group were equipped with calibrated soil moisture sensors (Em50 Series, Decagon Devices, Inc., Hopkins Court Pullman, WA, USA). The well-watered pots were irrigated weekly with 200-250 mL water, such that the volumetric soil moisture content fluctuated around 30%-40%. The pots subject to no water treatment were not irrigated at all (started from 14 September 2014) to expose them to maximum water stress conditions. The greenhouse was fitted with removable plastic covers as walls, which were left open during daytime and closed during the night and rainfall events. Figure 1 shows the greenhouse setup for the experiment, plants in the groups and soil moisture sensors connected to the data loggers. 
Instrumentation and Measurements
Canopy and Soil Spectral Measurements
Canopy spectra of all pots were measured in a dark room located in a remote sensing laboratory using the Analytical Spectral Devices (ASD), FieldSpec ® 3 Hi-Res Portable Spectroradiometer in Full Range (ASD Inc., Boulder, CO, USA) that acquires continuous spectra in the VIS, NIR and SWIR 
Instrumentation and Measurements
Canopy and Soil Spectral Measurements
Canopy spectra of all pots were measured in a dark room located in a remote sensing laboratory using the Analytical Spectral Devices (ASD), FieldSpec ® 3 Hi-Res Portable Spectroradiometer in Full Range (ASD Inc., Boulder, CO, USA) that acquires continuous spectra in the VIS, NIR and SWIR regions (350 to 2500 nm). The plants were illuminated by four tungsten halogen quartz lamps of 100 W, each installed to be pointing in four azimuth directions, each under a 45˝zenith incidence angle. These lamps were mounted about 80 cm above the plants (Figure 2a ) to provide sufficient light to receive significant signal for accurate spectral measurements but without doing heat damage to the plant during the short measurement time. In this manner, we achieved a constant illumination. Measurements were done at the sampling intervals of the instrument (1.4 nm-VIS and NIR; 2 nm-SWIR) and were resampled by the instrument automatically into 1 nm intervals using linear and polynomial interpolations [45] . The fiber-optic cable was placed in a pistol and mounted on a stand (Figure 2b ). In the setting, under 22.55 cm height and 25˝field of view (FOV), the spectrometer scanned a diameter of 10 cm on the pot surface with the nadir point at the center of the circle. We made sure that the FOV of the sensor was fully covered by the plants. Every start of the measurements was preceded by a warming up time of the ASD for about 60 min (as recommended by the manuals). Before every target measurement, the ASD spectroradiometer was optimized for the illumination conditions using a spectralon white (BaSO4) reference panel. The ASD spectrometer was set to take 60 samples and compute the average value before storing these data (to reduce the noise in the spectral measurements). Each sample was transferred from greenhouse to the laboratory and placed in the measurement setup. After each measurement of spectral reflectance from the target sample pot, a photo was also taken by a digital camera (EOS 400D, Digital Rebel XTi, Melville, NY, USA) installed on the stand in the setup (Figure 2 ). Finally, the pot was moved back to the greenhouse.
(a) (b) Figure 1 . Experimental setup. (a) Plant pots, soil moisture sensors and data loggers to record soil moisture status continuously; (b) Closed greenhouse during the night and rainfall events.
Instrumentation and Measurements
Canopy and Soil Spectral Measurements
Canopy spectra of all pots were measured in a dark room located in a remote sensing laboratory using the Analytical Spectral Devices (ASD), FieldSpec ® 3 Hi-Res Portable Spectroradiometer in Full Range (ASD Inc., Boulder, CO, USA) that acquires continuous spectra in the VIS, NIR and SWIR regions (350 to 2500 nm). The plants were illuminated by four tungsten halogen quartz lamps of 100 W, each installed to be pointing in four azimuth directions, each under a 45° zenith incidence angle. These lamps were mounted about 80 cm above the plants (Figure 2a ) to provide sufficient light to receive significant signal for accurate spectral measurements but without doing heat damage to the plant during the short measurement time. In this manner, we achieved a constant illumination. Measurements were done at the sampling intervals of the instrument (1.4 nm-VIS and NIR; 2 nm─SWIR) and were resampled by the instrument automatically into 1 nm intervals using linear and polynomial interpolations [45] . The fiber-optic cable was placed in a pistol and mounted on a stand (Figure 2b ). In the setting, under 22.55 cm height and 25° field of view (FOV), the spectrometer scanned a diameter of 10 cm on the pot surface with the nadir point at the center of the circle. We made sure that the FOV of the sensor was fully covered by the plants. Every start of the measurements was preceded by a warming up time of the ASD for about 60 min (as recommended by the manuals). Before every target measurement, the ASD spectroradiometer was optimized for the illumination conditions using a spectralon white (BaSO4) reference panel. The ASD spectrometer was set to take 60 samples and compute the average value before storing these data (to reduce the noise in the spectral measurements). Each sample was transferred from greenhouse to the laboratory and placed in the measurement setup. After each measurement of spectral reflectance from the target sample pot, a photo was also taken by a digital camera (EOS 400D, Digital Rebel XTi, Melville, NY, USA) installed on the stand in the setup (Figure 2) . Finally, the pot was moved back to the greenhouse. Since the measurement of soil spectra is needed to be used as the background reflectance of the grass target samples in the radiative transfer model inversion [46] , the reflectance of the background soil containing various values of soil moisture content was also measured. At the end of the experiment, the biomass of 10 samples was completely harvested to take soil reflectance measurements on a set of soil samples having a range of soil moisture (from dried soil to completely saturated soil). To measure volumetric soil moisture content of each sample, the pots were weighed in the laboratory both before and after drying (48 h, 45˝Celsius), the difference being the mass of water originally in the sample. Then, volumetric soil moisture of soil samples was calculated by Equation (1): where θ v is volumetric soil moisture (m 3¨m´3 ), θ g is gravimetric soil moisture (wet mass of soil-dry mass of soil/dry mass of soil) (g¨g´1), ρ b is soil bulk density and ρ w is the density of water (g¨cm´3). In this experiment, in addition to canopy and soil reflectance measurements, some direct measurements of LAI and Cab of the grass were measured in the laboratory during the stress episode for model validation purposes. This enabled the comparison of the destructive laboratory measurements of parameters with corresponding parameters as retrieved from spectral readings. The measured parameters are described in the following subsection.
Leaf Area Index and Leaf Chlorophyll Content
LAI was measured directly during the experiment at different dates (having various soil moisture contents) by harvesting the pot samples which did not have a soil moisture sensor. Leaf area was measured at a representative sub-sample in the pot and related to its dry mass (oven dried at 65˝C for 48 h). To determine the leaf area, leaf samples were placed carefully on a sheet of paper and then were scanned with a flatbed scanner (the Xerox ColorQube 9301, Woerden, The Netherlands). The projected area was calculated using the ImageJ (the National Institutes of Health, Montgomery, AL, USA) software program. In all cases, we made sure that the leaves were not curled up or overlapping and tried to position the leaves to be as flat as possible in the position. We calibrated the area meter by using pieces of known area before measuring leaves and always checked that the whole leaves were positioned within the scanning area. The ratio of leaf area to leaf dry mass, known as specific leaf area [47] , was calculated in cm 2¨g´1 . Finally, the total dry mass of leaves collected within the pot surface area was converted into LAI by multiplying by the specific leaf area.
To take measurements of leaf chlorophyll content, we used the SPAD 502Plus leaf chlorophyll meter (Konica Minolta Sensing, Inc., Sakai, Osaka, Japan). We took ten chlorophyll samples from each pot during one measurement located in the field of view of the canopy reflectance measurements and used the average value. The relative values of the SPAD were converted into absolute amount of chlorophyll using a widely used calibration curve (Equation (2)) from the literature [48] :
where Chl is the absolute amount of chlorophyll in µmol¨m´2 and S is the unitless value of the SPAD readings. Then, by considering the molecular mass of Chla and Chlb, unit conversions were made from µmol¨m´2 to µg¨cm´2.
Visual Inspection
To monitor visible changes in the plants undergoing various treatments, we installed a digital camera on the stand (Figure 2 ) to take a photo of each sample after measurement of target spectral reflectance. In this manner, we could follow the changes of plant status over time by naked eye. The most important changes might be detected by visual observation including the decoloration of the leaves, the shape of the leaves and the openness of the canopy [15] .
Spectral Acquisition
The grass spectra were measured six times during the experiment. There were ten pots in each measurement. In total, 108 spectra were collected in the stressed and control group. They were averaged to reduce noise and to enhance the representativeness of spectra for a specific day of measurement. As a result, six average spectra for the stressed and control group were investigated. To analyze the impacts of moisture deficit on different parts of the spectra, canopy spectral changes to different levels of moisture deficit during the experiment were plotted. To find the time of the first signs of stress in the reflectance spectra, we followed [15] , and Pearson's correlations were computed between the averaged spectra measured at the beginning and those of the measurements during the experiment over time, i.e., the other five averaged spectra, in each group. This indicated the degree of Remote Sens. 2016, 8, 557 6 of 24 changes in the shape of the reflectance spectra over time. Afterwards, the ratio was computed between the averaged spectra measured at the beginning and those of the measurements during the experiment to find the relative changes as a function of the spectral position and time.
Water Stress-Related Vegetation Indices
Some of the widely used water stress-related vegetation indices were computed for the stressed and control group over time. Computed vegetation indices were categorized in three groups depending on the spectral information they use (Table 1) . They can provide valuable information about water stress using just a few individual wavelengths. Normalized differences were found between the stressed and control groups for each of the computed indices. We performed a linear regression over the time series of the control group, then calculated the standard deviation of the residual of the data of the control group and the regression line, and used this standard deviation to normalize the differences between the two groups (control and stressed). The normalized values account for the variability in the control group. Selected vegetation indices were investigated during the drought episode to find the most sensitive indices for the stress detection in the early stages. A selection of the most promising spectral stress indices was made based on the literature. 
2.NIR region (700-1300)
Normalized Water Index 1 NWI1 = (R970´R900)/(R970 + R900) 
Radiative Transfer Models (RTM) for Parameter Retrievals
Implementations of the well-known and widely used PROSPECT [44] and SAIL [28, 29] radiative transfer models were selected for physically based leaf and canopy parameter retrieval. We used the RTMo model, which is a version of the four-stream SAIL model for the radiative transfer of incident light in canopies as used in the model SCOPE (Soil Canopy Observation of Photosynthesis and the Energy balance) [60, 61] . RTMo is a combination of the "4SAIL" model [62] , with a few additions, and the leaf radiative transfer model "Fluspect" which is basically the "PROSPECT5" model with a few modifications and additions. The main differences between RTMo (4SAIL + Fluspect) and PROSAIL (SAILH + PROSPECT4) are: (1) The leaf angle distribution in RTMo is described with two parameters-the mean leaf inclination parameter (LIDFa) and the bimodality of the leaf inclination distribution (LIDFb)-while PROSAIL uses only the Mean Leaf Inclination Angle (MLA); (2) the fraction of diffuse incoming solar radiation is spectrally dependt, whereas in PROSAIL it is considered as a constant value. Retrieval of canopy parameters from hyperspectral canopy level measurements was performed by inverting the RTMo model. The PROSPECT5 model [44, 63] calculates the leaf hemispherical reflectance and transmittance as a function of four input parameters: (1) the leaf structural parameter N (unitless); (2) the leaf chlorophyll a + b concentration Cab (µg¨cm´2); (3) the dry matter content Cdm (g¨cm´2); and (4) the water concentration of the leaves Cw (g¨cm´2). In Fluspect, also brown pigment concentration, i.e., Cs (arbitrary unit), is included. The 4SAIL model [28, 29] is a one-dimensional bidirectional quasi-turbid medium radiative transfer model since leaf size is considered for the hot-spot effect. It defines the canopy as a horizontally homogeneous layer that consists of small, flat leaves. The model has been applied successfully to homogeneous vegetation canopies [14, 28, 64] . Like 4SAIL, RTMo includes the hot-spot effect. In addition to leaf reflectance and transmittance, the RTMo model requires some other input parameters to simulate the top-of-canopy bidirectional reflectance. These are the sun zenith angle, θ s (deg); the sensor viewing angle, θ o (deg); the relative azimuth angle between sensor and sun, ψ (deg); spectra of solar irradiance, E sun ; sky irradiance, E sky , background reflectance (soil reflectance), r sl ; LAI (m 2¨m´2 ); the hot-spot size parameter, defined as the ratio between the average width of the leaves and the canopy height [31] , and the leaf inclination distribution function (LIDF).
Local Sensitivity Analysis of RTMo
By performing a sensitivity analysis for a model, the most (and least) important input parameters and, therefore, their roles in explaining the variance in the model output can be identified [65, 66] . At the canopy level, local sensitivity analysis (LSA) was executed to find the influence of small changes in RTMo input parameters on different parts of the reflectance spectrum. In this study, LSA relies on the Jacobian J, which is the matrix of first partial derivatives of the relative model output. To improve the comparability of the various model parameters, the Jacobian was calculated by varying each parameter by 1% of its range and recording the corresponding reflectance difference. This reflectance difference equals:
where J is the corresponding element of the Jacobian matrix. P max is the maximum and P min is the minimum value of input parameter P. To evaluate the influence of the parameters k over the entire spectrum and to find the most (and least) influential parameters, the indicator α k was defined as:
Inversion of RTMo
Inversion of a physical reflectance model aims at finding the set of input parameters which leads to the best match between simulated spectra by the model and observed spectra by the sensor. We used an iterative optimization technique for model inversion. This is a classical technique to invert any model with continuous variables which has been applied to invert radiative transfer models in remote sensing [67] . The iterative optimization technique searches for the best fit between the simulated and the measured reflectance spectra by iteratively running the canopy reflectance model ( Figure 3 ) for different values of the input variables. The minimization of a cost function that accounts for the differences between the simulated and the measured reflectance spectra is used as a stopping criterion for this optimization problem. There are several studies that used different mathematical and statistical approaches to find the minimum [68] .
any model with continuous variables which has been applied to invert radiative transfer models in remote sensing [67] . The iterative optimization technique searches for the best fit between the simulated and the measured reflectance spectra by iteratively running the canopy reflectance model ( Figure 3) for different values of the input variables. The minimization of a cost function that accounts for the differences between the simulated and the measured reflectance spectra is used as a stopping criterion for this optimization problem. There are several studies that used different mathematical and statistical approaches to find the minimum [68] . Table 2 shows the initial guesses of input parameters used during the model inversion. To consider the contribution of the background soil reflectance in the model inversion, we changed the model soil spectra based on the value of soil moisture recorded in the pot for which canopy reflectance was taken. Table 2 shows the initial guesses of input parameters used during the model inversion. To consider the contribution of the background soil reflectance in the model inversion, we changed the model soil spectra based on the value of soil moisture recorded in the pot for which canopy reflectance was taken. The "Trust Region" algorithm implemented in the MATLAB (the MathWorks, Inc. Natick, MA, USA) function "lsqnonlin" was used to minimize the cost function. The cost function calculated was simply the sum of the squared differences over the whole wavelength range of the measured reflectance. From the result, the Root Mean Square Error (RMSE) between measured and simulated spectra was calculated. To avoid local minima, we did the minimization in numerous loops starting with various initial values. We changed the model initial values and simulated the canopy spectra. The results (data not shown) showed no significant effects of initial value choices on the retrieved parameters and the calculated RMSE between measured and simulated spectra. Table 3 presents a list of goodness-of-fit measures used in this research to indicate the agreement between simulated and observed values of LAI and Cab. Error indices (category 1 in Table 3 ) quantify the deviation of modeled from observed values. The statistics therefore describe the departure of model estimations from the one-to-one line [69] . The main advantage of calculating these error indices is that they represent the simple or squared differences between observed and simulated data. Correlation-based measures (category 2 in Table 3 ), have the advantage of being bounded (for R 2 between 0 and 1), and, therefore, are independent of the unit of the parameter. The two most often used and traditional measures from category 1 and 2 (i.e., RMSE and R 2 , respectively) are often seen as insufficient for model validation purposes [69, 70] . Instead, there are some dimensionless statistics (category 3) proposed in many studies, such as relative and normalized variations of the RMSE (i.e., RRMSE and NRMSE, respectively). The particular advantage of RRMSE and NRMSE is that the actual error can be calculated without being affected by the data unit. 
Inversion Performance Evaluation (Statistics of Errors)
RMSE " d 1 n n ř i"1 pV i est´V i obs q 2 (19) Data unit (2) Correlation-Based Measure Coefficient of Determination R 2 " 1´ř n i"1 pV i obs´V i est q 2 ř n i"1 pV i obs´V obs q 2 (20) 0 to 1
(3) Dimensionless Error Indices
Normalized RMSE NRMSE " RMSE Rangepobsq (21) 0 to 8
Relative RMSE RRMSE " 100.
RMSE
Mean pobsq (22) 0 to 8
Results
Visual Inspection
Grass responses to soil moisture deficit were tracked visually during the drought episode by analysis of their pictures. The visible signs of stress were increasing with time when moisture deficit progressed. The leaves turned from shiny to dull, decoloring to brown at the first signs of stress on day 10-11 of the experiment. Afterwards, by progress of stress, leaves started curling, shrinking, losing their color, allowing the brown leaves to dominate. At the end of the experiment in severe water stress, plants permanently wilted, all the leaves were discolored and the plants dried out completely and died.
Shape of Reflectance Spectra
The changes in the shape of reflectance spectra for the selected grass, Poa pratensis, in response to the soil moisture deficit is illustrated in various ways. First, we visualized the effects of specific moisture deficit on the collected spectra to interpret the moisture-induced impacts on the shape of the reflectance curve on both canopy and soil from 450-2450 nm. Then, relative changes of the canopy reflectance values over time were analyzed to find the position and the time of the first sign of stress. Figure 4a shows selected measured spectra collected over the experiment in different soil moisture content. This result confirms that the stress affected all parts of the spectrum (either directly or indirectly) at the canopy level. Some parts of the spectrum, like 800-1100 nm, show a distinct decrease of reflectance values during the drought episode in case the plant is under stress (e.g., soil moisture contents 0.25, 0.2, 0.15, 0.10 and 0.05 m 3¨m´3 ). However, this is not the case under normal conditions in which the plant is not under stress (e.g., soil moisture contents ě0.3, in the first days of the experiment). For instance, the reflectance in the region 800-1100 nm at a soil moisture of 0.02 m 3¨m´3 is lower than the canopy reflectance collected under other stress conditions (e.g., soil moisture contents 0.2, 0.15, 0.10 and 0.05 m 3¨m´3 ). The water absorption bands at 1450 and 1940 nm showed the strongest response by an increase of the reflectance. The visible green and visible red show smaller albeit distinct changes.
The changes in the shape of reflectance spectra for the selected grass, Poa pratensis, in response to the soil moisture deficit is illustrated in various ways. First, we visualized the effects of specific moisture deficit on the collected spectra to interpret the moisture-induced impacts on the shape of the reflectance curve on both canopy and soil from 450-2450 nm. Then, relative changes of the canopy reflectance values over time were analyzed to find the position and the time of the first sign of stress. Figure 4a shows selected measured spectra collected over the experiment in different soil moisture content. This result confirms that the stress affected all parts of the spectrum (either directly or indirectly) at the canopy level. Some parts of the spectrum, like 800-1100 nm, show a distinct decrease of reflectance values during the drought episode in case the plant is under stress (e.g., soil moisture contents 0.25, 0.2, 0.15, 0.10 and 0.05 m 3 ·m −3 ). However, this is not the case under normal conditions in which the plant is not under stress (e.g., soil moisture contents ≥0.3, in the first days of the experiment). For instance, the reflectance in the region 800-1100 nm at a soil moisture of 0.02 m 3 ·m −3 is lower than the canopy reflectance collected under other stress conditions (e.g., soil moisture contents 0. The spectra collected in the first stages of the drought episode (with soil moisture content of 0.3 (m 3 ·m −3 )) had low reflectance values in the visible part of the spectrum due to high concentrations of leaf chlorophyll. However, a decrease in chlorophyll concentration as a result of water stress increased the visible reflectance. Canopy reflectance of vegetation also depends on the reflectance properties of the underlying soil [71] . Figure 4b illustrates how soil reflectance changed due to different soil moisture contents in the experiment.
To find the time when the first drought-induced changes take place, we computed Pearson's correlation (as in [15] ) between the mean spectrum taken at the beginning of the experiment and those of the measurements during the experiment over time in both stress and control treatments (Figure 5a ). Values smaller than 1.0 indicate that the shape of the spectral curve changed compared to the first measurement taken at the beginning of the experiment in the stressed and control groups. This analysis showed that on 17 September 2014 the first sign of stress occurred since the reflectance of Poa pratensis started deviating from the first measurement as early as day 4 and, therefore, the correlation of the stressed group started declining at this time. To identify the spectral position in which the first signs of stress could be detected, we calculated the ratio between reflectance values collected at day 11 and day 4 for the stress group expressed as a percentage change (Figure 5b ). The first considerable responses could be seen at the major water absorption bands, especially at 1930 nm (62%) and 1440 nm (29%). Furthermore, distinct changes were detected around 550-700 nm with a maximum at 675 nm (31%). However, the minor water absorption bands around 970 nm and 1200 The spectra collected in the first stages of the drought episode (with soil moisture content of 0.3 (m 3¨m´3 )) had low reflectance values in the visible part of the spectrum due to high concentrations of leaf chlorophyll. However, a decrease in chlorophyll concentration as a result of water stress increased the visible reflectance. Canopy reflectance of vegetation also depends on the reflectance properties of the underlying soil [71] . Figure 4b illustrates how soil reflectance changed due to different soil moisture contents in the experiment.
To find the time when the first drought-induced changes take place, we computed Pearson's correlation (as in [15] ) between the mean spectrum taken at the beginning of the experiment and those of the measurements during the experiment over time in both stress and control treatments (Figure 5a ). Values smaller than 1.0 indicate that the shape of the spectral curve changed compared to the first measurement taken at the beginning of the experiment in the stressed and control groups. This analysis showed that on 17 September 2014 the first sign of stress occurred since the reflectance of Poa pratensis started deviating from the first measurement as early as day 4 and, therefore, the correlation of the stressed group started declining at this time. To identify the spectral position in which the first signs of stress could be detected, we calculated the ratio between reflectance values collected at day 11 and day 4 for the stress group expressed as a percentage change (Figure 5b ). The first considerable responses could be seen at the major water absorption bands, especially at 1930 nm (62%) and 1440 nm (29%). Furthermore, distinct changes were detected around 550-700 nm with a maximum at 675 nm (31%). However, the minor water absorption bands around 970 nm and 1200 nm did not show different responses from the surrounding wavelengths and were not recognizable in the graph. 
Spectral Indices
To find the most sensitive spectral indices for detection of water stress in the early stages, we computed the widely used indices related to water stress. The selected indices showed different behaviors over time during the experiment. The normalized differences of the index values in the stressed group compared to the control group are displayed in Figure 6 . To find the normalized differences of the index values, first a linear regression was performed over the time series of the control group. Second, the standard deviation of the residual of the data of the control group with respect to the regression line was calculated, as a measure for the variability in the control group. This standard deviation was used to normalize the differences between the two groups (control and stressed). The threshold of two times the response of the control group, suggested in previous studies [15] , was used to decide whether the stress index actually detected the stress or not. Based on this threshold, the majority of selected indices could detect the stress in the early stages (Figure 6a) . The results showed that the NDWI_1241 was the best stress detector by exceeding the threshold. The response of the NDWI_1241, RATIO1200, BGI2 and NDWI_2130 were 10, 8.7, 8.6 and 8.2 times stronger for the stress group than for the control group, respectively (Figure 6a ).
The MSI, NDII, NWI_1, and WBI indices also showed a stronger response (greater than six times the one of the control group) to the stress in the early stages. However, PRI_norm showed no detectable response to the stress since its response stayed below the defined threshold. The vegetation indices responses to long-term stress, at the end of the experiment, showed that all of the selected indices detected the stress (Figure 6b) . The results showed that the PRI_norm was the best detector of long-term stress conditions. The response of the PRI_norm, CTR2, BGI2 and NDWI_1241 to longterm stress were 76, 53, 51 and 44 times stronger for the stress group than for the control group respectively (Figure 6b) . Figure 7a ,b shows the development over time for the two best-performing stress indices (NDWI_1241 and RATIO1200) in response to short-term stress (at day 11). Figure 7c,d shows the development over time for the two best-performing stress indices (PRI_norm and CTR2) in response to long-term stress (at day 36). As expected, indices in the control group did not change over time, except for small variations that might be explained by the noise level of the index [15] . 
To find the most sensitive spectral indices for detection of water stress in the early stages, we computed the widely used indices related to water stress. The selected indices showed different behaviors over time during the experiment. The normalized differences of the index values in the stressed group compared to the control group are displayed in Figure 6 . To find the normalized differences of the index values, first a linear regression was performed over the time series of the control group. Second, the standard deviation of the residual of the data of the control group with respect to the regression line was calculated, as a measure for the variability in the control group. This standard deviation was used to normalize the differences between the two groups (control and stressed). The threshold of two times the response of the control group, suggested in previous studies [15] , was used to decide whether the stress index actually detected the stress or not. Based on this threshold, the majority of selected indices could detect the stress in the early stages (Figure 6a) . The results showed that the NDWI_1241 was the best stress detector by exceeding the threshold. The response of the NDWI_1241, RATIO1200, BGI2 and NDWI_2130 were 10, 8.7, 8.6 and 8.2 times stronger for the stress group than for the control group, respectively (Figure 6a) .
The MSI, NDII, NWI_1, and WBI indices also showed a stronger response (greater than six times the one of the control group) to the stress in the early stages. However, PRI_norm showed no detectable response to the stress since its response stayed below the defined threshold. The vegetation indices responses to long-term stress, at the end of the experiment, showed that all of the selected indices detected the stress (Figure 6b) . The results showed that the PRI_norm was the best detector of long-term stress conditions. The response of the PRI_norm, CTR2, BGI2 and NDWI_1241 to long-term stress were 76, 53, 51 and 44 times stronger for the stress group than for the control group respectively (Figure 6b) . Figure 7a ,b shows the development over time for the two best-performing stress indices (NDWI_1241 and RATIO1200) in response to short-term stress (at day 11). Figure 7c ,d shows the development over time for the two best-performing stress indices (PRI_norm and CTR2) in response to long-term stress (at day 36). As expected, indices in the control group did not change over time, except for small variations that might be explained by the noise level of the index [15] . NDWI_1241, the best performing index for short-term stress (at day 11) showed a downward trend over time during the experiment, whereas RATIO1200, PRI_norm and CTR2 showed upward trends. In addition, we found that BGI2 and NDWI_1241 had detectable and strong responses for both short-term and long-term stress. NDWI_1241, the best performing index for short-term stress (at day 11) showed a downward trend over time during the experiment, whereas RATIO1200, PRI_norm and CTR2 showed upward trends. In addition, we found that BGI2 and NDWI_1241 had detectable and strong responses for both short-term and long-term stress. NDWI_1241, the best performing index for short-term stress (at day 11) showed a downward trend over time during the experiment, whereas RATIO1200, PRI_norm and CTR2 showed upward trends. In addition, we found that BGI2 and NDWI_1241 had detectable and strong responses for both short-term and long-term stress.
RTMo (4SAIL + Fluspect) Radiative Transfer Modeling
RTMo Sensitivity Analysis Results
We changed all the parameters (Cab, Cdm, Cw, Cs, LAI, and LIDFa) by 1% of their total range and then determined the reflectance differences (Figure 8 ). This shows the influence of each parameter in a comparable way. The normalized derivative demonstrated two clearly indicated peaks in the reflectance response to Cab change at 557 nm and 710 nm (Figure 8a ). The second peak was the most sensitive one of the entire spectrum and the visible region was indicated as the most sensitive to Cab change. In contrary, the small variation in Cw was expressed most strongly in the SWIR (Figure 8b ). The greatest sensitivity to variation in Cw was exhibited at 1400, 1870, 1516, 2225 nm. Variation in Cw also contributes significantly in the NIR, especially at 1198 and 976 nm. Variation in the Cdm was expressed most strongly in both the NIR and the SWIR (Figure 8c ). It showed pronounced peaks at 916, 1075, 1272, 1719, 2182 and 2273 nm. Two clearly indicated peaks are observed in the reflectance response to Cs change at 551 nm and 748 nm. However, the NIR and SWIR parts did not respond to changes of the Cs parameter (Figure 8d ). Although variations in LAI and LIDF triggered the reflectance response at similar spectral wavelengths (910, 1081, 1279, 1681, 1827 and 2221 nm), the LIDF response was quite weak compared to the one of LAI (Figure 8e,f 
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RTMo (4SAIL+Fluspect) Inversion Results
The RMSE of measured and simulated spectra was employed as the criterion of the model inversion performance. Figure 9a ,b shows the difference between two simulated and measured canopy spectra on different days (day 11 and 36) of the experiment. These examples represent the performance of the inversion since good quality of spectral fit achieved. Furthermore, the distribution of RMSE between measured and simulated canopy reflectance spectra during the drought experiment for all simulations (under various soil moisture conditions) is presented in Figure 9c . The small error in the model inversion (0.002 < RMSE < 0.009) showed that the model was able to accurately reproduce the observed reflectance spectra under different soil moisture contents during the experiment. change in these parameters, the reflectance will respond relatively stronger in comparison to the other ones. The least influential parameters identified were Cab and Cs. 
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(a) (b) (c) Figure 9 . The difference between two simulated and measured canopy spectra on different days of the experiment, (a) day 11; (b) day 36; and (c) the distribution of RMSE between measured and simulated spectra for all simulations.
In addition, the inversion results were also evaluated in their accuracy (deviations from the measured parameter values). In Figure 10 , the retrieved and measured LAI (n = 8) and Cab (n = 108) are illustrated in the form of scatter plots and deviations from the one-to-one line.
For the retrieved and measured properties, statistical measures were calculated. Varying statistical performances are given for the two variables (i.e., LAI and Cab; Table 5 In addition, the inversion results were also evaluated in their accuracy (deviations from the measured parameter values). In Figure 10 , the retrieved and measured LAI (n = 8) and Cab (n = 108) are illustrated in the form of scatter plots and deviations from the one-to-one line. Table 5 . 
Trend of the Retrieved Grass Properties
Retrieved parameters were plotted against soil moisture and time during the experiment in Figure 11 . This way, we could follow the trend of changes and detect water stress impacts on the retrieved parameters. As can be seen from the left panels of Figure 11 , the relationship between retrieved parameters and soil moisture content is nonlinear. Thus, just to guide the eye and keep it fairly simple, we fitted a second order polynomial curve. Although using higher degrees (third or fourth order function) can provide a better fit, we avoided using them for the sake of stability. The retrieved grass parameters co-varied with soil moisture content (Cab: R 2 = 0.76 and RMSE = 3.58, Cw: R 2 = 0.70 and RMSE = 0.001, Cs: R 2 = 0.69 and RMSE = 0.06, Cdm: R 2 = 0.40 and RMSE = 0.001, LAI: R 2 = 0.45 and RMSE = 0.48). In the right panels (of Figure 11) we show the parameter changes over time in separated stressed and control groups derived from the averaged spectra of all measurements from the same day. In almost all cases, the value of the control group displayed, as expected, a horizontal course indicating that vegetation parameters did not change much during the measurement period. However, water stress affected all grass parameters in the stressed group during the drought episode. The maximum value retrieved for the leaf chlorophyll content at the first measurement (day 4) was about 22 (ug·cm −2 ), which then decreased during the experiment and reached the minimum value of 3.6 on the last measurement (day 36). Leaf water content changed from 0.006 to 0.001 (g·cm −2 ) from the beginning of the experiment to the end. Although the leaf dry matter content showed a different behavior in the stressed group compared to that of control, its value at the end of the drought episode of 0.0015 (g·cm −2 ) was similar to the value at the beginning of 0.0017 (g·cm −2 ). Following the response of Cs to the stress over time showed a different trend in comparison to the other parameters since it deviated away from the horizontal control line upward. The minimum value for Cs was retrieved on day 4 while the maximum value recorded at the end of experiment on day 36. LAI responded to the stress during the experiment and decreased from 2.3 (m 2 ·m −2 ) at the beginning to 1.5 (m 2 ·m −2 ) at the end of the experiment. In addition, the results showed that LAI and Cs responded to the stress relatively late (after day 11) compared to the other parameters such as Cw and Cab which responded in the early stages (day 4). For the retrieved and measured properties, statistical measures were calculated. Varying statistical performances are given for the two variables (i.e., LAI and Cab; Table 5 ). RMSE and R 2 calculated 0.75 (m 2¨m´2 ), 0.87 for LAI and 4.61 (µg¨cm´2), 0.74 for Cab estimation. Because of the different units, we also calculated NRMSE and RRMSE, which are dimensionless and suitable indices for comparisons between LAI and Cab variables. The calculated NRMSE (LAI: 0.18, Cab: 0.15) and RRMSE (LAI: 24.8%, Cab: 19.8%) are presented in Table 5 . 
Retrieved parameters were plotted against soil moisture and time during the experiment in Figure 11 . This way, we could follow the trend of changes and detect water stress impacts on the retrieved parameters. As can be seen from the left panels of Figure 11 , the relationship between retrieved parameters and soil moisture content is nonlinear. Thus, just to guide the eye and keep it fairly simple, we fitted a second order polynomial curve. Although using higher degrees (third or fourth order function) can provide a better fit, we avoided using them for the sake of stability. The retrieved grass parameters co-varied with soil moisture content (Cab: R 2 = 0.76 and RMSE = 3.58, Cw: R 2 = 0.70 and RMSE = 0.001, Cs: R 2 = 0.69 and RMSE = 0.06, Cdm: R 2 = 0.40 and RMSE = 0.001, LAI: R 2 = 0.45 and RMSE = 0.48). In the right panels (of Figure 11) we show the parameter changes over time in separated stressed and control groups derived from the averaged spectra of all measurements from the same day. In almost all cases, the value of the control group displayed, as expected, a horizontal course indicating that vegetation parameters did not change much during the measurement period. However, water stress affected all grass parameters in the stressed group during the drought episode. The maximum value retrieved for the leaf chlorophyll content at the first measurement (day 4) was about 22 (ug¨cm´2), which then decreased during the experiment and reached the minimum value of 3.6 on the last measurement (day 36). Leaf water content changed from 0.006 to 0.001 (g¨cm´2) from the beginning of the experiment to the end. Although the leaf dry matter content showed a different behavior in the stressed group compared to that of control, its value at the end of the drought episode of 0.0015 (g¨cm´2) was similar to the value at the beginning of 0.0017 (g¨cm´2). Following the response of Cs to the stress over time showed a different trend in comparison to the other parameters since it deviated away from the horizontal control line upward. The minimum value for Cs was retrieved on day 4 while the maximum value recorded at the end of experiment on day 36. LAI responded to the stress during the experiment and decreased from 2.3 (m 2¨m´2 ) at the beginning to 1.5 (m 2¨m´2 ) at the end of the experiment. In addition, the results showed that LAI and Cs responded to the stress relatively late (after day 11) compared to the other parameters such as Cw and Cab which responded in the early stages (day 4). To compare the effects of stress on various parameters and detect the order of grass responses during the experiment, we normalized the differences for each of the parameters between the stressed and the control group. The normalized values account for the variability in the control group.
The relative changes of the parameters in early stages of the stress (Figure 12 ) demonstrate that the first effects of stress on the grass parameters are the change of Cw and Cab, followed by Cdm and Cs. These parameters started responding to stress in the earlier stages of stress. LAI and Cs did not respond to the stress until 15 days after the start of the experiment. Almost all grass parameters responded to the stress at the end of the experiment. The strongest response at the end of the experiment compared to the control group was the change of Cs, followed by Cab, Cw, Cdm and LAI, respectively. To compare the effects of stress on various parameters and detect the order of grass responses during the experiment, we normalized the differences for each of the parameters between the stressed and the control group. The normalized values account for the variability in the control group.
The relative changes of the parameters in early stages of the stress (Figure 12 ) demonstrate that the first effects of stress on the grass parameters are the change of Cw and Cab, followed by Cdm and Cs. These parameters started responding to stress in the earlier stages of stress. LAI and Cs did not respond to the stress until 15 days after the start of the experiment. Almost all grass parameters responded to the stress at the end of the experiment. The strongest response at the end of the experiment compared to the control group was the change of Cs, followed by Cab, Cw, Cdm and LAI, respectively. 
Discussion
We conducted a drought experiment to follow water stress impacts on grass reflectance and properties over time. This experiment lasted for 80 (35 + 36 + 9) days. In the first 35 days, all plants were watered regularly until the canopy height was about 15 cm and the maximum growth reached. In the next 36 days, the canopy spectral measurements were collected in the stressed and control group. In addition, some measurements of LAI (n = 8) and Cab (n = 108) were taken. In the last nine days, soil reflectance measurements under various moisture conditions were taken. After the experiment, all of the plants ultimately died except for the control group.
Visual Interpretation of the Stress Effects
The visible signs of stress on the plants, including curling and shrinking of the leaves, becoming fragile, turning from shiny to dull and finally some leaves decoloring, were observed first after 10-11 days from the start of the drought. From day 19 onwards the proportion of dry leaves increased rapidly. The visible signs of stress were increasing by the time the moisture deficit progressed. This confirms other studies revealing similar results. For instance, De Jong et al. [15] reported the first visible sign of different stresses (water saturation, light deprivation, water deprivation, heat and chlorine poisoning) for Buxus sempervirens on average after 15 days for all stresses and after 13 days for water deprivation [15] . They also found that the analysis of the infrared photos collected during the stress did not provide additional information after the visual inspection of the plants. An interpretation of the canopy reflectance responses to soil moisture deficit revealed that the stress affected all parts of the spectrum. In particular, changes were detected in the 450-700 nm and 1300-2500 nm ranges (Figure 4) , which can be explained by the role of the concentrations of pigments and water, respectively. These findings are in full agreement with Carter [72] , Zarco-Tejada et al. [73] and Chavez et al. [24] , who demonstrated two effects of water stress on the reflectance spectra; direct (primary) effects and indirect (secondary) ones. "Direct effects" are the primary impacts of water stress (dehydration) on vegetation which resulted solely from the spectral properties of water (this 
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The visible signs of stress on the plants, including curling and shrinking of the leaves, becoming fragile, turning from shiny to dull and finally some leaves decoloring, were observed first after 10-11 days from the start of the drought. From day 19 onwards the proportion of dry leaves increased rapidly. The visible signs of stress were increasing by the time the moisture deficit progressed. This confirms other studies revealing similar results. For instance, De Jong et al. [15] reported the first visible sign of different stresses (water saturation, light deprivation, water deprivation, heat and chlorine poisoning) for Buxus sempervirens on average after 15 days for all stresses and after 13 days for water deprivation [15] . They also found that the analysis of the infrared photos collected during the stress did not provide additional information after the visual inspection of the plants. An interpretation of the canopy reflectance responses to soil moisture deficit revealed that the stress affected all parts of the spectrum. In particular, changes were detected in the 450-700 nm and 1300-2500 nm ranges (Figure 4) , which can be explained by the role of the concentrations of pigments and water, respectively. These findings are in full agreement with Carter [72] , Zarco-Tejada et al. [73] and Chavez et al. [24] , who demonstrated two effects of water stress on the reflectance spectra; direct (primary) effects and indirect (secondary) ones. "Direct effects" are the primary impacts of water stress (dehydration) on vegetation which resulted solely from the spectral properties of water (this gives changes of the reflectance in the range of 1300-2500 nm because of less absorption by water). The "indirect effects" are secondary impacts that could not be explained solely by the spectral properties of water (manifested by changes of the reflectance in the range of 400-700 nm because of more cell wall-air interfaces within the leaf tissue as well as the effect of dehydration on the concentrations of pigments. Canopy spectral reflectance in the near-infrared (NIR) region (750-1300 nm) initially increased but, in later stages of water stress, it decreased. This pattern can be explained by the consequence of the deterioration of cell walls [74] , loss of leaves and the changes in LIDF [75] . Our findings of NIR responses to water stress support previous studies [24, 34, 57] . We observed that the percentage of "direct effects" (24%) in the early stages of the stress (after 11 days being under stress) were more than "indirect effects" (17%). However, in the last stages of the stress (after 36 days being under stress) the percentage of "indirect effects" (171%) were more than "direct effects" (146%).
First Sign of the Stress
The analysis of the collected spectra over time showed that the first considerable responses could be seen near the major water absorption bands specially at 1930 nm and 1440 nm (Figure 5b ). In addition, distinct changes were detected around 550-700 nm with a peak value located at 675 nm. We did not detect significant changes at the location of the minor water absorption bands at 970, 1200, and 1770 nm, which is in agreement with previous studies [15] . Based on Pearson's correlation analysis, the correlation of the stressed group started declining from day 4, thereby showing the first sign of the stress visible in the spectra. Pearson's correlation computation between the spectra proved a valuable way to detect subtle spectral changes and to identify the moment in time of the stress-induced spectral changes of the plant. The spectroscopic signs of stress were detectable six days before the visible signs. The conclusion is that the use of spectroscopic techniques allows a much earlier detection of plant stress than visible inspection.
Water Stress-Related Vegetation Indices
The spectral stress indices that best illustrated the stress effects in the earlier stages in our experiment were the NDWI_1241 and RATIO1241. These two spectral indices, using the reflectance in SWIR and NIR around 857, 1241, 1180-1220, 1090-1110, 1265-1285 nm, were the most sensitive ones among the examined indices. This is in agreement with Ceccato et al. [58] who concluded that a combination of SWIR and NIR is necessary to improve the accuracy in estimating vegetation water content at the leaf level from optical observations. Our study showed that the response of the NDWI_1214 index was ten times as strong for the stress group as for the control in the early stages of the stress. This index is a measure of liquid water molecules in vegetation canopies that interacted with the incoming solar radiation. This is in agreement with Gao [53] who demonstrated the sensitivity of NDWI to the total amounts of liquid water in stacked leaves. He explained the reasons of sensitivity of NDWI by the location of the selected channels, their negligible or weak absorption properties and less sensitivity to atmosphere effects, although atmospheric effects are not relevant in the present study. The spectral indices that best illustrated the development of water stress over time during the experiment were PRI_norm and CTR2. PRI_norm is normalized by both structure and by the red edge chlorophyll-related index. Zarco-Tejada et al. [27] concluded that PRI_norm is a more linearly related index for reading canopy chlorophyll content levels than the standard PRI index, due to its good performance. CTR2 uses the wavelength 760 (NIR shoulder) in combination with a spectral band in the red edge at 695 nm, which is sensitive to chlorophyll, to compute the index value. Our results match other studies which identified CTR2 as one of the best stress indicators [15, 76, 77] .
RTMo Sensitivity Analysis
Local sensitivity analysis provided useful insights about the parameter changes' influences on the simulated reflectance. The results showed the ability of the RTMo model to link variations of reflectance to variations of grass parameters. Small changes in Cw resulted into strong responses in the SWIR part of the spectrum. The importance of Cw in accounting for variance in the SWIR supports previous studies [23, 58, 78] . The variation in Cdm showed significant responses in the SWIR and NIR part. This is in agreement with other studies as well [66, 79] . The main cause of the strong response in the NIR part might be explained by the absorption of Cdm since it is the only absorber in most of the NIR region and tends to increase with the age of the leaf [80] . The response of reflectance to a small variation in LAI and LIDF was detected at similar wavelengths in the NIR and SWIR. This is in agreement with other studies which reported similar effects of LAI and LIDF in PROSAIL model sensitivity analysis [64] and the LIDF as the main variable influencing the relationship between vegetation indices and LAI [81] . Reflectance in the green (557 nm) and red edge (710 nm) responded clearly to changes of Cab. This result confirms other studies explaining the relationship between reflectance and Cab [82] .
RTMo Parameter Retrieval
A physical approach was adopted in this research to retrieve grass parameters from spectroradiometer measurements. This has many advantages, as it is based on physical laws, use of all spectral bands, the least reliance on in situ measurements and it gives generalizable results, just to name a few [43, 83] . However, use of this approach (i.e., radiative transfer models) is more complex than a simple statistical method (i.e., vegetation indices). Several studies have demonstrated that vegetation parameter retrieval using radiative transfer models yields more accurate results compared to that of vegetation indices. For instance, Atzberger et al. [83] compared physical and statistical-based retrieval methods to map grassland LAI using airborne imaging spectroscopy. They concluded that RTM inversion based on a look-up table approach and predictive equations yields a higher accuracy with a normalized RMSE of 0.18 and 0.38 respectively for LAI estimation. In our experiment, although we inverted the RT model by means of an optimization algorithm, the results for LAI retrieval are in good agreement with the findings of Atzberger et al. [83] . The calculated normalized RMSE for LAI retrieval in our experiment is 0.18 (Table 5) which is in full agreement with their studies.
Simulated spectra fitted well with measured spectra collected at different soil moisture deficit conditions during the drought experiment. Low RMSE between measured and simulated spectra (ranging from 0.002 to 0.009) for a variety of soil moisture conditions confirmed that the inversion was successful. We conclude that there was a positive significant relationship between retrieved and measured parameters. Nevertheless, the variation in parameters, (i.e., the range of values) especially in Cab, showed that retrieved values had a smaller range than the destructive measurements. This might be explained by two facts: (1) the RTMo model uses one Cab value for all leaves in the pot, but measurements taken from individual leaves are more variable; and (2) to convert the relative values of the measured chlorophyll by SPAD 502 into the absolute values we used a calibration curve from the literature [48] . Changes of Cw and Cab were found as the first signs of stress on vegetation parameters. Other researchers concluded that changes in canopy reflectance due to water stress were mostly explained by equivalent water thickness and LAI [24] . We found that all vegetation parameters responded to stress at the end of the experiment. The strongest response at the end of the experiment compared to the control group was the change of Cs, followed by Cab, Cw, Cdm and LAI. Our experiment shows that soil moisture deficit stress impacts can be tracked in a drought episode over time. Spectroscopy is a valuable technique to detect stress effects on the reflectance spectra in an early stage.
Conclusions
In this study, we investigated in the laboratory the grass response to water stress in a Poa pratensis canopy exposed to various levels of soil moisture deficit. We used spectroscopic techniques, to observe the stress impacts on canopy reflectance, and Radiative Transfer Model (RTM) inversion, to detect stress effects on grass properties. These techniques have the promising potential of detecting the drought-induced effects on grass reflectance and properties during a drought episode. Sensitivity analysis of RTMo (RTM of solar and sky radiation) simulated reflectance to a small change of its input parameters shows that changes in Leaf Area Index (LAI), leaf water content (Cw) and leaf dry matter (Cdm) trigger a stronger response in the reflectance compared to the other parameters. Spectral analysis shows that short-term moisture deficit stress results in changes of 17% in reflectance values in the visible part (450-700 nm), of 2.3% in the near-infrared (NIR) part (700-1300 nm), and of 23.7% in the short-wave infrared (SWIR) part (1300-2450 nm). However, long-term stress results in changes of 170% in reflectance values in the visible part, of 9.3% in the (NIR) part, and of 146% in the SWIR part. The RTMo inversion shows that Cw, leaf chlorophyll content (Cab) and Cdm respond strongly to short-term moisture-deficit stress, while LAI and senescent material (Cs) changes are the main responses of vegetation to long-term stress. Spectral measurements allow moisture stress detection up to six days earlier than visual naked-eye observations. The first spectral signs of stress are detectable near the major water absorption bands. Among grass properties, the first signs of moisture stress are changes of Cw and Cab. The most promising water stress-related vegetation indices for early stress detection are NDWI_2130 and MSI since their responses to the stress are significantly stronger in the early stages for the stress group. In addition, for the entire drought episode, PRI_norm and CTR2 are identified as the best ones for stress detection. By the time it displays visible symptoms of stress, a plant can already be adversely affected. This research demonstrated that spectroscopic techniques and RTMo inversion allow presymptomatic monitoring (early detection) of changes in the canopy reflectance and biophysical properties non-destructively. Beyond the scale and plant species of this study, it is unclear how broadly applicable this approach will be and to what extent these findings could be generalized, since this would require applying the proposed approach in the "real world" using satellite observations. It is currently under investigation by the authors to upscale the results obtained in this study to field conditions. We expect that spectral analysis and the RTMo model inversion against satellite images would enable the detection of water stress impacts on vegetation properties in the ecosystem. Using these for crop monitoring would allow us to alleviate stress at an early stage, thus avoiding irreversible damage and substantially reducing yield losses.
